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ABSTRACT
Fusarium verticillioides is one of the key pathogens for stalk rot and ear rot
on maize. While several genes associated with F. verticillioides pathogenicity and
mycotoxin biosynthesis have been characterized, our knowledge of the cellular and
genetic networks for these events is still very limited. Also, underlying molecular
and cellular mechanisms associated with the maize defense response against the F.
verticillioides pathogenicity are complex. Therefore, in order to better understand
maize defense as well as F. verticillioides pathogenicity, an approach systematically
investigating the host-pathogen interactions is needed. In this PhD study, a sys-
tematic network-based comparative analysis approach using large-scale F. verticil-
lioides-maize RNA-seq data was applied to identify F. verticillioides pathogenicity-
associated subnetwork modules and also key pathogenicity genes as well as maize
subnetwork modules involved in the defense response. For each study, we constructed
corresponding co-expression networks through partial correlation based on the given
comparable conditions. For the first work, predicting F. verticillioides pathogenicity-
associated subnetwork modules, we established a pipeline identifying the functional
modules by a branch-out technique with probabilistic subnetwork activity inference.
For identifying maize defense modules, we first collected candidate maize genes by
comparing expression pattern of maize genes and that of the selected four F. ver-
ticillioides pathogenicity genes through cointegration, correlation, and expression
level change. Then, we inferred potential subnetwork modules among the candidate
genes by adopting the previously established pipeline. For identifying specific key
F. verticillioides pathogenicity genes based on the predicted subnetwork modules,
we analytically investigated on each gene in its predicted subnetwork module. In
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this investigation, we considered its influence on others, association to pathogenic-
ity, and distinctive differentiation between the two conditions. Through our sys-
tematic investigation of the F. verticillioides–maize RNA-seq data, we identified
pathogenicity-associated or defensive subnetwork modules, where the member genes
were harmoniously coordinated and significantly differentially activated between the
two different conditions. Also, we identified specific F. verticillioides pathogenic-
ity genes playing a key role in the predicted pathogenicity-associated subnetwork
modules.
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1. INTRODUCTION
Maize, one of the most significant crops, is susceptible to a variety of pathogens
and Fusarium verticillioides (teleomorph Gibberella moniliformis) is one of the pathogens
triggering maize ear and stalk rots. F. verticillioides even produces fumonisins that
is a group of toxic secondary metabolites potentially harmful to animals and hu-
mans [13, 42, 54]. Plant-microbe interactions that have caused economic loss world-
wide as well as even harmfulness to animals and humans are difficult to be under-
stood. Plants respond to a number of external stimuli using complicated mechanisms.
In particular, unlike animal defense mechanism with adaptive immune system, plant
defense response encodes specific group of genes to recognize and respond to certain
microbial pathogens [12] [15]. Also, microbes targeting plants have coevolved to pre-
vail over plant immunity. Therefore, characterizing maize defense mechanism against
the F. verticillioides pathogenicity is essential to comprehend biological functions
and processes based on F. verticillioides-maize interactions. Recently, high through-
put technologies (i.e., microarray technology or next generation sequencing) have
been developed to help research on genetic networks involved in biological functions
and processes by providing massive datasets. Therefore, innovative computational
methods properly analyzing these datasets are needed to characterize underlying
biological system. To investigate pathogenicity of microbes or plant–microbe inter-
actions, a number of individual gene-based genetic approaches or few network-based
approaches have had some success, however they have also showed their inherent
shortcomings mainly due to the lack of fundamental understanding of complicated
cellular functions or host-pathogen interaction. In this Ph.D study, we comprehen-
sively investigate mechanism of subnetwork modules or key genes associated with the
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F. verticillioides pathogenicity as well as maize defense response based on maize-F.
verticillioides interactions.
Specifically, we performed a systematic network-based comparative analysis on
two different RNA-seq datasets, maize inbred B73 inoculated with two F. verticil-
lioides strains (i.e., wild-type vs. fsr1 mutant) as well as two different F. verticil-
lioides phenotypes produced by gene knock-outs of two different genes. First, For
a systematic analysis of the infection transcriptome from the dataset that maize
inoculated with two strains of F. verticillioides (wild type vs. the mutant), we
first predicted the co-expression network of the fungus. Subsequently, we identified
functional subnetwork modules in the co-expression network consisting of interact-
ing genes that display strongly coordinated behavior in the respective datasets. A
probabilistic activity inference method was adopted to identify modules likely to be
involved in the pathogenicity of F. verticillioides, and a computationally efficient
branch-out technique was used to search for potential subnetwork modules. Second,
to computationally identify potential maize subnetwork modules associated with de-
fense against F. verticillioides using the RNA-seq reads from B73 maize inoculated
with wild-type F. verticillioides and a loss-of-virulence mutant, we first analyzed
the RNA-Seq data based on a cointegration-correlation-expression approach, where
maize genes were jointly analyzed with known pathogenicity genes in F. verticil-
lioides ; (i) cointegration was used to analyze their expression trends over time, (ii)
correlation was used to investigate the expression patterns across different replicates,
and (iii) expression levels in all replicates were checked to focus on significantly ex-
pressed genes. We then searched the maize coexpression network to detect subnet-
work modules that are differentially expressed with high significance when inoculated
with two different fungal strains. Third, in order to identify potential pathogenic-
ity genes using the both RNA-seq datasets, we first constructed their co-expression
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networks, and predicted potential subnetwork modules as described in our previous
work. Subsequently, we analytically investigated whether each gene in its predicted
subnetwork module satisfied several conditions; i) highly impactful in a probabilis-
tic manner, ii) relatively differentially correlated between two strains (wild type vs
mutant), iii) relatively more connected in the given module, iv) relatively highly ex-
pressed in wild type, v) orthologous to known pathogenic genes in other fungi, and
vi) annotated to significant GO terms with other member genes. Through our sys-
tematic investigation of the RNA-seq data, we have identified potential subnetwork
modules associated with the F. verticillioides pathogenicity, potential subnetwork
modules involved in maize defense response against the F. verticillioides pathogenic-
ity, and also key pathogenicity potential F. verticillioides pathogenicity genes. The
potential subnetwork modules demonstrated not only harmonious coordination of
the member genes, but also strong differentiation between the two phenotypes. Fur-
thermore, the potential functional genes also showed significant influence on other
member genes in its subnetwork module.
3
2. BACKGROUND
2.1 Fusarium
Fusarium is a fungal genus that was characterized as Fusisporium by Link in
1809. It is known as hyphomycetes, triggering diseases in diverse crops, and also
various Fusarium species, producing secondary metabolites (i.e., mycotoxins), can
be harmful to plants, and even animals and humans [61]. The Fusarium myco-
toxins can be either detrimental to plants or involved in diseases such as cancer for
humans [41]. Since pathogenicity or mycotoxin of Fusarium species take place in
every developing stages of host plants based on their specific profiles, identification
of Fusarium activity is essential to prevent the host from potential toxicological risk
[46] [11].
After the first identification by Link, Wollenweber and Reinking nearly described
1000 species and devided genera into 16 sections and 65 species in 1935. After that,
many researchers characterized taxonomy of Fusarium showing different number of
species [9]; Snyder and Hansen recognized the number of Fusarium species as nine in
1940, and Gerlach and Nirenberg recognized around 90 species through “The genus
Fusarium – A pictorial Atlas” in 1982 [20], and also Leslie and Summerell recognized
approximately 70 species based on morphological, biological and phylogenetic criteria
though “The Fusarium laboratory manual” in 2006 [36].
In recent decades, typical Fusarium species such as Fusarium graminearum,
Fusarium oxysporum, and Fusarium verticillioides have been receiving attention
based on the following research environment; i) their classical genetic maps have
been constructed (i.e., genetic map of Fusarium verticillioides [66] [25], genetic map
of Fusarium graminearum [26] [19]), ii) their reference genome sequences have been
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available through the Broad Institute (http://www.broadinstitute.org), iii) recently
high throughput technologies (i.e., microarray technology and next generation se-
quencing) producing gene expression data have been developing rapidly. Along with
the environment, there is a pressing need for research issues on Fusarium species to
be addressed due to the following potentials; i) regulation of principle metabolism of
Fusarium species is different from that of other fungi, ii) atypical biosynthesis of their
secondary metabolites has a large economic impact, iii) host-pathogen interactions
based on Fusarium species are also very different from those of other typical fungi.
Therefore, through research on Fusarium species that has become very intriguing,
new insights into the biological system of Fusarium is expected.
2.2 Fusarium verticillioides
Fusarium verticillioides (telemorph, Gibberella moniliformis), a representative
fungal pathogen, is typically responsible for stalk rots and ear rots in maize, thereby
leading to economic losses in corn production. Also, the fungal pathogen even pro-
duces the fumonisin mycotoxins that are harmful to animal and human while colo-
nializing maize ears and stalks [13] [55].
There are typical infection pathways that F. verticillioides can colonize host
plants. The principle pathway for kernel infection is assumed to be occurred by
airborne conidia landing on corn silks whose kernel is in developing [44]. For ear
rot and stalk rot infections, it is also postulated to be taken place by insects such
as European corn borer (ECB) or Ostrinia nubilalis damaging corns [43]. Typical
symptoms of host plants by the F. verticillioides infections are severe such as rotting
or wilting. However, it might be also very minor as nearly no signs of infection since
F. verticillioides is an endophytic fungal species growing with an organized manner
in host plants so that the plants can stay asymptomatic throughout the infection
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cycle [8] [2].
2.3 Pathogenicity of F. verticillioides
Some have identified F. verticillioides pathogenicity genes directly involved in
maize disease by single gene-based genetic investigation. Shim et al. [54] discovered
FSR1, critical for maize stalk rot virulence, and Myung et al. [45] discovered FvVE1,
essential for maize seedling pathogenicity, and also Ridenour et al. [50] identified
HAP complex genes (FvHAP2, FvHAP3, and FvHAP5 ), responsible for pathogenic-
ity of maize stalks. Other intriguing pathogenicity-associated genes of F. verticil-
lioides have been also identified by single gene-based approach. FST1 and two
PP2A subunits (PPR1 and PPR2 ) were all characterized to be associated with fu-
monisin biosynthesis by Kim et al. [31] and Shin et al. [56], respectively, and also
Ortiz et al. [47] demonstrated that MADA-box transcription factors (MADS1 and
MADS2 ) were involved in fumonisin B1 production. However, although individual
gene-based approaches have showed some successful discoveries of the F. verticil-
lioides pathogenicity, a limited number of genes have been identified and cellular
functions and structures involved in the identified genes are still barely understood.
Furthermore, the approaches have been predominantly based on biological knowledge
of researchers (i.e., considering conserved functions). Therefore, for other fungi such
as F. graminearum (FG) or Magnaporthe grisea (MGG), some [21, 38, 39] have at-
tempted predicting fungal pathogenicity using protein-protein interaction (PPI) net-
works by considering gene interrelationship as a group since it is known that genes
rely on each other when performing biological functions. However, although they
challenged with other knowledge (i.e., orthologs in other fungi or known pathogenic-
ity genes) based on the PPIs, their approaches had inherent shortcomings such as
strong dependency on prior knowledge and no careful consideration on coordination
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of genes as a group.
2.4 Host-pathogen interactions
For maize-pathogen interactions, several methods have been shown using mi-
croarray data. For instance, Kelley et al. [27] identified maize genes associated with
their resistance (or susceptibility) to Aspergillus flavus, pathogenic fungus, based
on expression alterations. Campos-Bermudez et al. [10] identified maize genes and
metabolites that displayed expression change after inoculation with F. verticillioides.
However, their analysis were individual gene-based and the approach just focused on
the expression differences. For host-pathogen interaction study other than plant-
microbe, analysis based on host-pathogen gene interactions was performed through
their correlation. Using Pearson’s or Spearman rank correlation coefficients between
host-pathogen, Shea et al. [53] identified gene pairs in a human-bacterial interactions
with Group A Streptococcus (GAS). Reid et al. [48] identified interactions between
mouse and Plasmodium as well as mosquito and Plasmodium. In addition, Asters et
al. [1] constructed networks using Euclidean distance calculation based on gene-gene
correlation. Although, these analysis identified correlated gene interactions and their
networks based on their host-pathogen interactions, further improvements can be per-
formed with systematically analyzing approach for cellular interactions or processes
for underlying host-pathogen interactions.
2.5 Network/Pathway based approach
Recently, approaches collectively analyzing genes in the same pathway or subnet-
work module have become popular for research on complex diseases since it has been
known that genes collaborate each other for performing their biological functions or
processes. Therefore, systematic approaches investigating their relationship between
genes have received attention recently. [23, 3, 68, 52]. Several pathway-based ap-
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proaches jointly analyzing expression levels of genes in a given pathway have shown
prediction of the pathway activity level [6, 58, 35, 64, 62, 60, 29]. Also, some network-
based approaches analyzing gene expression data and network data in an integrative
manner to identify subnetwork modules have received increasing attention, as they
can predict novel genetic modules associated with specific biological functions of in-
terest [14, 59, 30]. For instance, Chuang et al. [14] identified potential subnetworks
involved in breast cancer metastasis using gene expression data as well as PPI net-
work. However, these approaches that required several types of information and
also strongly relied on the given knowledge are not suitable for investigation on F.
verticillioides whose discovery is still in early stage.
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3. STUDY OF F. VERTICILLIOIDES PATHOGENICITY-ASSOCIATED
NETWORK MODULES *
The entire procedure for the network-based RNA-Seq data analysis of F. verti-
cillioides to identify potential pathogenic subnetwork modules is illustrated in Fig-
ure 3.1. First, for the gene expression data, both filtering for quality control and nor-
malization were performed for the downstream analysis. Second, the co-expression
network of F. verticillioides through partial correlation at five different levels were
predicted. Next, based on the co-expression networks, we searched subnetwork mod-
ules from seed genes, significantly differentially expressed genes, by extending them
through neighboring genes that strongly enhance probabilistic differential activity
between wild type and the mutant. Finally, we assessed the subnetwork modules
based on the strength of association and the pathogenicity of the fungi.
3.1 Methods
3.1.1 Preprocessing
Maize inbred B73 was inoculated with F. verticillioides wild type and fsr1 mutant
as previously described [54]. To capture dynamic changes in gene expression, tissues
were harvested from three distinct phases of stalk pathogenesis: establishment of fun-
gal infection (3 days post inoculation [dpi]), colonization and movement in vascular
bundle (6 dpi) and host destruction and collapse (9 dpi). As a reference, uninocu-
lated maize stalk tissue as well as WT fungus grown in synthetic medium was used to
* Part of this chapter is reprinted with permission from “Mansuck Kim, Huan Zhang, Charles
Woloshuk, Won-Bo Shim, and Byung-Jun Yoon. Computational prediction of pathogenic net-
work modules in Fusarium verticillioides. IEEE/ACM Transactions on Computational Biology
and Bioinformatics, Web, 2015” [33] c© [2015] IEEE.
9
Alignment
Normalization
Filtering
Normalized expression matrixGene expression matrixSequencer output
(FASTQ)
LLR matrix
Seed gene
Partial 
correlation
𝒌
𝒊
LLR 
matrix
LLR 
matrix
LLR 
matrix
LLR 
matrix
LLR 
matrix
t-test statistic comparison
Selected subnetworks from each co-expression network
Subnetwork with the highest discriminative power of subnetwork activities 
𝜶𝒌 𝒙𝒊
𝒌 = 𝐥𝐨𝐠[
𝒚𝟏
𝒌 𝒙𝒊
𝒌
𝒚𝟐
𝒌 𝒙𝒊
𝒌 ]
𝑨𝒌 =෍
𝒌
𝜶𝒌(𝒙𝒊
𝒌)
Branch-out technique
Figure 3.1: Overview of the proposed analysis [33] c© [2015] IEEE.
provide a baseline of host and pathogen gene expression. For each sample subjected
to sequencing, sectioning was performed on at least three stalk samples from each
stage of infection, and isolated tissues were pooled for RNA extraction. Our RNA
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extraction protocols have been successfully used to extract high quality RNA from
maize samples, e.g. kernels, stalks, or leaves, infected with fungal pathogens [54] [31].
RNA samples were processed following standard QA/QC procedures at Texas A&M
AgriLife Genomics and Bioinformatics Services prior to sequencing.
After the samples were prepared, RNA sequencing was performed using Illumina
HiSeq 2000. Sequence cluster identification, quality prefiltering, base calling, and un-
certainty assessment were also performed in real time using Illumina’s HCS 1.5.15.1
and RTA 1.13.48.0. In this RNA sequencing, library preparation and RNA isola-
tion were performed by Illumina’s simplied sample prep kits and small RNA sample
preparation kit, respectively. Through this RNA sequencing process, we acquired
FASTQ formatted output files for six independent sample libraries for each time
point (i.e., 3 dpi, 6 dpi, and 9 dpi), hence 36 libraries in total. The prepared reads of
36 libraries were aligned to the reference genome of F. verticillioides strain 7600 [40]
downloaded from Broad Institute (http://www.broadinstitute.org) as well as to the
maize B73 reference genome [51]. This alignment was performed to acquire read
counts of all F. verticillioides genes as well as maize genes by Bowtie2 [34], known to
be better for relatively longer reads and gapped alignment, along with a subsequent
process using a NGS (next-generation sequencing) analysis tool called Samtools [37].
Table 3.1 shows general statistics of the RNA-seq datasets. The table demon-
strates how the loss of FSR1 influenced the F. verticillioides pathogenicity over
time. After the alignment, we filtered out genes rarely expressed so that 8072 genes
were remained. In this filtering, we filtered genes that were not expressed more than
half of the replicates, therefore we further proceeded with significantly differentially
expressed genes in the two strains (i.e., wild type vs. the mutant). After the filter-
ing, normalization by each gene length for the read counts was completed to acquire
relative expression levels. Subsequent normalization was also performed based on
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Table 3.1: General statistics of RNA-seq datasets
Wild type Mutant
3dpi 6dpi 9dpi 3dpi 6dpi 9dpi
Type of run single
Read length 100 (bp)
Mean # of
reads/sample 6,283,647 5,758,106
Median depth
of coverage 5.83 14.18 16.64 1.75 4.48 9.77
the expression level of the β-tubulin genes such as FVEG 05512 and FVEG 04081
since β-tubulin genes, considered as housekeeping genes, are often utilized for nor-
malization of F. verticillioides. In this normalization, the mean expression level of
FVEG 05512 and FVEG 04081 was applied as criterion.
3.1.2 Constructing co-expression networks
Based on the preprocessed gene expression data, we constructed the co-expression
networks of F. verticillioides by computing partial correlation coefficients for each
gene interaction. Hero et al. [22] demonstrated that partial correlation is more reli-
able and effective in predicting underlying biological networks since partial correla-
tion only takes into account the strength of association between two genes without
considering any impact from the other genes. In the co-expression networks, gene
interactions were predicted based on five thresholds of significant partial correlation
(i.e., 0.90, 0.91, 0.92, 0.93, and 0.94), thereby letting the interactions to be more
reliable and less dependent on a certain threshold level. Consequently, we prepared
five co-expression networks of F. verticillioides, where the co-expression network at
the threshold as 0.90 is the largest and includes the others. The number of genes
and interactions of the five co-expression networks are shown in Table 3.2.
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Table 3.2: Co-expression networks of wild type and mutant F. verticillioides.
Threshold Wild type Mutant
(cut-off partial # of # of # of # of
correlation) genes interactions genes interactions
0.94 5,649 133,214 4,699 124,271
0.93 6,313 203,897 5,446 193,170
0.92 6,856 291,378 6,044 279,193
0.91 7,232 394,807 6,516 381,568
0.90 7,495 514,081 6,891 499,469
3.1.3 Identifying potential pathogenic subnetwork modules
In order to identify potential subnetwork modules, we first searched seed genes
from where we started to extend subnetworks. The seed genes were selected to be
top 1% differentially expressed genes in the last time point (9 dpi) since the time
point at 9 dpi contained the highest RNA abundance level. The degree of differenti-
ation was measured by t-test statistics scores, therefore we prepared the seed genes,
significantly differentially expressed between the two phenotypes. Based on the co-
expression networks, we greedily expanded the subnetworks from the selected seed
genes. For each subnetwork module, the subnetwork started extending from each
seed gene through its neighboring genes with certain conditions until the stopping
criterion was satisfied. In this extension of subnetwork modules, we applied a com-
putationally efficient branch-out technique. We first evaluated probabilistic activity
level of each subnetwork when adding each connected gene into the subnetwork and
chose the optimum subnetwork whose discriminative power enhancement (measured
by t-test scores) of the activity level exceeded by 10%. Subsequently, we also se-
lected two more suboptimal subnetworks whose discriminative power increase were
within 2% difference from the top increment of the optimum subnetwork. During the
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process, the subnetwork activity level was computed based on the inference method
in [58]. Next, we again iteratively tested each connected gene to the subentworks
by calculating the activity levels and expanded them by the brach-out method with
the two specific conditions. The whole process was continuously repeated for all the
seed genes as well as the five co-expression networks. As a result, we identified po-
tential subnetwork modules of F. verticillioides possibly corresponding to functional
pathways associated with the pathogenicity.
In order to compute the pathogenicity-associated strength of a potential subnet-
work, as described in the previous subsection, we needed a method inferring the sub-
network activity level based on expression levels of the member genes. In this prob-
abilistic inference, we adopted the inference method proposed in [58] to probabilisti-
cally predict the subnetwork activity level. Suppose G = {g1, g2, g3, · · · , gn} is the set
of genes that belong to a subnetwork module of interest. Let x = {x1, x2, x3, · · · , xn}
be expression levels of the member genes in a given subnetwork module. The activity
level of the given subnetwork can be measured by
η(x) =
n∑
k=1
αk(xk), (3.1)
where αk(xk) is the log likelihood ratio (LLR) between two phenotypes (i.e., the wild
type vs. the mutant) defined as follows
αk(xk) = log
[
yk1(x
k)
yk2(x
k)
]
. (3.2)
where yk1(x) is the conditional probability density function (PDF) of the expression
level of gene gk in one phenotype. y
k
2(x) is the conditional PDF of the expression
level of gene gk in the other phenotype. Through this probabilistic inference, we can
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predict the activity level η(x) of the given subnetwork module based on the expression
levels x of the member genes. Note that the concept of this probabilistic approach
comes from naive Bayes model (NBM). We can also evaluate the discriminative power
of the probabilistic activities of the given subnetwork module composed of the genes
in G based on t-test statistics as follows
t(G) = µ1 − µ2√
s21
n1
+
s22
n2
, (3.3)
where µ1 and s
2
1 are the mean and the variance of the subnetwork activity level in one
phenotype, and µ2 and s
2
2 are the mean and the variance of the subnetwork activity
level in the other phenotype. n1 is the number of samples for one phenotype, and n2
is the number of samples for the other phenotype.
3.2 Results
3.2.1 Characteristics of the F. verticillioides co-expression networks
Before identifying potential subnetwork modules, we investigated characteristics
of the co-expression networks constructed from our RNA-Seq data. Specifically, we
tested two important features such as degree exponent and clustering coefficient to
understand the structure of predicted biological networks [4]. We first evaluated the
degree exponent of each co-expression network to test whether a network is scale-free.
Scale-free networks are known as networks composed of a relatively small number of
highly connected hubs and a large number of nodes that are barely connected [4].
It is known that the degree distributions in scale-free networks follow the power
law P (k) ∼ k−γ, where k is the degree and γ is the degree exponent, and also the
degree exponent is normally in the range of 2< γ <3 for real biological networks [4].
In addition, we computed the clustering coefficient whose concept is defined as the
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Table 3.3: Degree exponent and clustering coefficient of the networks.
Thresholds
0.94 0.93 0.92 0.91 0.90
Degree
exponent 2.98 2.98 2.97 2.96 2.96
Clustering
coefficient 0.31 0.33 0.35 0.37 0.38
actual number of interactions between the connected nodes divided by the maximum
number of interactions that the node could have. The clustering coefficient of node
I can be calculated by
CI = 2nI/kI(kI − 1), (3.4)
where kI is the number of nodes in the neighborhood of node I so that the maxi-
mum number of interactions could be kI(kI − 1)/2, and nI is the actual number of
interactions between their connected nodes. Higher clustering coefficient indicates
stronger cohesiveness among neighbors. The average clustering coefficient of hypo-
thetical hierarchical networks is known to be around 0.6 [4]. The degree exponent
and the average clustering coefficient of the F. verticillioides co-expression networks
are shown in Table 3.3. In Table 3.3, the degree exponent of our co-expression
networks was in the range 2.96 < γ < 2.98, which is comparable to that of real
biological networks observed in nature. Also, the average clustering coefficient was
in the range 0.31 < C < 0.38. Generally, the higher threshold for a co-expression
network, the lower average clustering coefficient that the co-expression network has
since the network contains fewer interactions that are more significant.
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Figure 3.2: Potential subnetwork modules [33] c© [2015] IEEE.
3.2.2 Identification of potential pathogenic subnetwork modules
Through our proposed analysis approach, we identified four potential F. verti-
cillioides pathogenicity-associated subnetwork modules shown in Figure 3.2. We
selected seed genes, top 1% differentially expressed genes at the last time point (9
dpi). Based on each co-expression network shown in Table 3.2, we extended the
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Table 3.4: Properties of the potential F. verticillioides subnetwork modules.
Potential # of # of t-test clustering
subnetworks genes interactions score coefficient
module A 26 77 7.3 0.56
module B 20 44 7.1 0.47
module C 28 80 7.1 0.50
module D 26 74 6.8 0.50
subnetwork around each seed gene, by adding a gene from its neighborhood, and al-
lowed extended subnetworks whose discriminative power (measured by t-test statis-
tics score) increased at least by 10% at each extension to be candidates. Among
these subnetworks, we first chose the subnetwork with the highest discriminative
power and subsequently selected up to two additional subnetworks whose discrimi-
native power was very close to the maximum score (i.e., difference less than 2%). We
iteratively repeated the process that is a branch-out to extend the subnetworks up to
three subnetworks at each step, until they could not be extended further. Next, we
selected the subnetwork with the highest discriminative power as a candidate subnet-
work for the seed gene. The entire process was repeated for all seed genes in all five
co-expression networks. Finally, we chose the top four subnetwork modules with the
highest discriminative power shown in Figure 3.2 amongst all candidate subnetworks.
Genes that are relatively highly expressed in wild type than the mutant are shown
in red, while genes that are relatively highly expressed in the mutant compared to
wild type are shown in blue. The discriminative power of the potential subnetworks
were 7.3, 7.1, 7.1, and 6.8, respectively, which were significantly higher than other
candidate subnetworks. As shown in Table 3.4, the four subnetwork modules had 26,
20, 28 and 26 genes, and 77, 44, 80 and 74 interactions, respectively. We evaluated
the average clustering coefficients for the potential modules, which were in the range
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0.47< C <0.56 and found that these are much higher than those of the co-expression
networks. Therefore, the potential subnetwork modules can be thought to be more
cohesive compared to other parts in the networks. Also, the average clustering coeffi-
cients of the potential modules are closer to that of an ideal hypothetical hierarchical
network [4] so that the potential subnetwork modules can be considered to be a more
prominent hierarchical structure compared to other network regions.
3.2.3 Functional coherence of genes in the subnetwork modules
In order to test functional coherence among the genes in the potential subnet-
work modules, we analyzed their GO (Gene Ontology) terms. In this GO analysis,
we first obtained the 44 functional groups for F. verticillioides through g:Profiler
(http://biit.cs.ut.ee/gprofiler/) [49]. Next, we evaluated a metric which we call the
“classification rate,” inspired by a similar concept in [67]. Suppose G = {g1, g2, g3, · · · , gm}
is the set of genes in a subnetwork module. We define Gi,d = {gi,1, gi,2, gi,3, · · · , gi,n(i,d)}
as the set of genes in the subnetwork whose distance from gene gi is d, where n(i, d)
is the number of genes that are at distance d from gene gi. The classification rate
Γ(i, d) is defined as follows
Γ(i, d) =
∑
k ω(i, k)
n(i, d)
, (3.5)
where
ω(i, k) =

1, functional category of gi
= functional category of gi,k
0, otherwise
(3.6)
For each of the four subnetwork modules, we computed the average classification rate
for all genes in a given module for distance d = 1, 2, 3. We also computed the average
classification rate for random networks to compare it with that of the potentials. We
generated random networks whose number of nodes and interactions were uniformly
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Figure 3.3: Classification rates for randomly constructed modules and the potential
subnetwork modules [33] c© [2015] IEEE..
distributed over [20, 30] and [40, 80], respectively. In this comparison,, we repeated
computing the classification rate of random networks for 5000 times to compute
the average classification rate. The results are shown in Figure 3.3. According to
Figure 3.3, the average classification rate of the four potential subnetwork modules
for up to distance d = 3 was mostly above 0.9, which is significantly higher than that
of randomly constructed modules. As shown in Figure 3.3, the potential subnetwork
modules are functionally coherent since most of the genes in the detected modules
belong to the same functional category. It is interesting to note that the average
classification rate of random networks is still relatively high (e.g., 0.769 for d = 3)
and the two main reasons are: (i) many genes are typically assigned with multiple
GO terms, and one can belong to 4∼5 functional categories; (ii) many genes in
the co-expression networks are mainly associated with a few functional categories
(i.e., around 50% of genes in the co-expression networks were associated with at
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least one of the following functional categories: cellular process, metabolic process,
binding and catalytic activity). The main functional categories associated with the
four modules are as follows: Module A in Figure 3.2: binding and catalytic activity;
Module B in Figure 3.2 cellular process and catalytic activity; Module C in Figure 3.2:
metabolic process and binding; Module D in Figure 3.2: metabolic process and
binding. Significantly, we identified cellular process of the module B in Figure 3.2 to
be a possible pathogenic infection process. The pathogenicity-associated GO terms
of the infection process is GO:0006914 [autophagy]→ GO:0044248 [cellular catabolic
process]→ GO:0044237 [cellular metabolic process]→ GO:0009987 [cellular process]
(http://www.geneontology.org).
3.2.4 Potential pathogenic genes in the subnetwork modules
In addition, we investigated whether orthologous genes of the member genes in the
potential subnetwork modules were known pathogenic genes in other fungi. We first
collected known pathogenic genes in seven other fungi from the Pathogen Host Inter-
action Database (PHI-base: http://www.phi-base.org) [65]: Fusarium graminearum
(FG), F. oxysporum (FO), Aspergillus fumigatus (AF), Botrytis cinerea (BC1G),
Magnaporthe grisea (MGG), Ustilago maydis (UM), and Cryptococcus neoformans
(CNAG). Next, we searched whether any genes of the potential modules have known
pathogenic orthologous genes and identified several orthologous genes as the fol-
lowing: Module A in Figure 3.2 included five potential orthologs FVEG 00869,
FVEG 03354, FVEG 07609, FVEG 08099 and FVEG 11501; Module B in Figure 3.2
contained two potential orthologs FVEG 02164 and FVEG 05096; Module C in Fig-
ure 3.2 included one potential ortholog, FVEG 06629; Module D in Figure 3.2 con-
tained three potential orthologs FVEG 00473, FVEG 01034 and FVEG 04119. The
pathogenic genes whose orthologs are member genes of the potential pathogenic
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subnetwork modules were previously validated experimentally: (1) FGSG 00408 or-
thologous to FVEG 00869 (F. graminearum mutant deleted of FGSG 00408 was
blocked in perithecium formation so that it reduced virulence on kinome of wheat
scab [63]); (2) MGG 04556 orthologous to both FVEG 03354 and FVEG 06629 (M.
grisea mutant of MGG 04556 reduced virulence on rice blast [24]; (3) MGG 00454
orthologous to FVEG 02164 and MGG 03580 orthologous to FVEG 05096 (M. grisea
mutant of MGG 00454 involved in initiation of autophagy as well as M. grisea mu-
tant of MGG 03580 playing a role in phagophore and autophagosome expansion
reduced virulence on rice disease [28]; (4) FGSG 00574 orthologous to FVEG 01034
(FGSG 00574 knock-out mutant of F. graminearum showed no perithecia develop-
ment and reduction in virulence and growth on cereal head blight [57]. Consequently,
the identified potential subnetwork modules included one or more orthologs of known
pathogenic genes in other fungi, and it is possible to expect that these genes might
play important roles with the other genes of the modules on the pathogenesis of F.
verticillioides
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4. STUDY OF MAIZE DEFENSE MODULES BASED ON MAIZE–F.
VERTICILLIOIDES INTERACTIONS *
An overview of the network-based comparative analysis pipeline to identify maize
defense subnetwork modules based on maize-F. verticillioides interactions is shown
in Figure 4.1. First, with the preprocessed gene expression data, we applied the
cointegration-correlation-expression approach to find candidate maize genes whose
expression patterns are corresponding to known F. verticillioides pathogenicity genes.
Second, we constructed co-expression networks of the candidate maize genes through
partial correlation and also converted the gene expression data of the genes into a
log-likelihood ratio (LLR) matrix. Next, based on the co-expression networks and the
log-likelihood ratio matrix, we extended maize defense subnetwork modules from top
20% significantly differentially expressed genes utilizing a computationally efficient
branch-out technique. Finally, we identified potential maize subnetwork modules
possibly associated with maize defense response.
4.1 Methods
4.1.1 Preprocessing
Basically, the detailed explanation of preprocessing for F. verticillioides (i.e.,
sample preparation and RNA sequencing) is the same as the previous study since
the same dataset was applied in this study. After sample preparation and RNA se-
quencing, alignment was proceeded as previously illustrated. Table 4.1 demonstrates
* Part of this chapter is reprinted with permission from “Mansuck Kim, Huan Zhang, Charles
Woloshuk, Won-Bo Shim, and Byung-Jun Yoon. Computational identification of genetic subnet-
work modules associated with maize defense response to Fusarium verticillioides. BMC Bioinfor-
matics, 16(Suppl 13):S12, 2015” [32] c© [2015] BMC.
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Figure 4.1: Overview of the proposed network-based comparative analysis [32].
general statistics of the RNA-seq datasets for both maize and F. verticillioides. The
table not only shows the differences between the two strains (i.e., wild type vs. the
mutant), but also indirectly explains how the pathogenicity of F. verticillioides have
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an effect on maize transcription profile over time. After the alignment process, the
other preprocessing, filtering process, for maize genes was also completed so that
42.2% of maize genes (57,676 genes) remained for downstream analysis. The basic
procedure was the same as the way that F. verticillioides was proceeded as previously
described.
4.1.2 Selection of pathogenicity genes of F. verticillioides
We chose representative F. verticillioides pathogenicity genes to narrow down
maize genes to candidates likely involved in maize defense response. Using the se-
lected F. verticillioides pathogenicity genes, we compared their expression patterns
over time with those of maize genes. In this comparison, four genes were arbitrar-
ily selected among known F. verticillioides pathogenicity genes for our analysis; i)
FSR1 (FVEG 09767) - involved in fungal virulence and sexual mating [54]; ii) FST1
(FVEG 08441) - associated with fungal growth particularly on maize ears [31]; iii)
FvVE1 (FVEG 09521) - involved in strong pathogenesis and toxin production on
maize seedlings [45]; iv) ZFR1 (FVEG 09648) - a significant transcription factor
Table 4.1: General statistics of maize–F. verticillioides RNA-seq dataset.
Wild type Mutant
3dpi 6dpi 9dpi 3dpi 6dpi 9dpi
Type of run single
Read length 100 (bp)
Mean # of
F. verti- reads aligned 82504 200827 235702 24711 63462 138406.3
cillioides Median depth
of coverage 5.8 14.2 16.6 1.8 4.5 9.8
Mean # of
reads aligned 4394510 4183565 3377730 3798777 3589860 3577877
maize Median depth
of coverage 32.1 30.6 24.7 27.8 26.2 26.2
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Figure 4.2: Four practical examples in comparison between known F. verticillioides
pathogenic gene (FSR1 ) and maize genes [32].
controlling fungal growth on maize kernels [7].
4.1.3 Cointegration-correlation-expression approach
Based on the four selected F. verticillioides pathogenicity genes, we comprehen-
sively analyzed expression patterns of maize genes over time across all replicates to
narrow down maize genes into candidates. For this selection process, three analytical
approaches such as cointegration, correlation, and considering expression significance
were complementarily applied and cooperated to compare tendency of expression
levels between maize genes and the selected F. verticillioides pathogenicity genes.
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First, we applied cointegration [16] considering nonstationality and time-varying un-
certainty in the two species (i.e., maize vs. F. verticillioides). In this analysis,
we examined a relationship of expression levels across all replicates between maize
genes and the selected F. verticillioides genes. Specifically, two expression levels
between maize and each F. verticillioides pathogenicity were considered to be coin-
tegrated when their expression trend was comparable over time across all replicates.
The Engle-Granger method was used to investigate single cointegrating relations be-
tween the host and the pathogen. For this cointegration, corresponding maize genes
whose P -value of the method were lower than 0.05 to each selected F. verticillioides
pathogenicity genes were considered as candidates. Second, we applied correlation to
track expression patterns of the two species over all replicates. This analysis quan-
tified the strength of a linear relationship between maize genes and each selected F.
verticillioides pathogenicity gene over time across replicates. Corresponding maize
genes whose Pearson’s correlation coefficients were higher than 0.65 (P -values less
than 0.0035) to each selected F. verticillioides pathogenicity gene were taken into
account as candidates. Third, all maize expression levels over all replicates were
observed to remove rarely expressed genes. Maize genes whose mean expression lev-
els were in the top 80% of all genes and expressed in all replicates, were considered
as candidates since the selected F. verticillioides pathogenicity genes were also ex-
pressed in all replicates. Through this combination approach based on cointegration-
correlation-expression, each selected F. verticillioides pathogenicty gene was used as
a criterion in searching candidate maize genes. We finally acquired candidate maize
genes by comparison with the four selected pathogenicity genes and combined them
for subsequent analysis. Figure 4.2 illustrates the practical examples why this combi-
national analysis is meaningful in searching candidate maize genes likely associated
with maize defense mechanism. Specifically, as shown in Figure 4.2 (B-D), each
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case demonstrates disagreed relationship between the two species (maize vs. F. ver-
ticillioides) when one of combination analysis (cointegration-correlation-expression
approach) does not satisfy certain levels while the other two meet adequate levels.
4.1.4 Identification of maize subnetwork modules
The basic description to identify subnetwork modules based on the co-expression
networks are shown in the previous sections 3.1.2 and 3.1.3. Also, in this identifica-
tion of genetic subnetwork modules possibly associated with maize defense response,
we adopted the probabilistic pathway activity inference scheme, originally proposed
in [58] and applied to the previous study as described in details in section 3.1.4. Here,
in order to identify maize defense subnetwork modules, we first constructed the co-
expression networks of candidate maize genes specifically selected against the F.
verticillioides pathogenicity genes through the cointegration-correlation-expression
approach. The co-expression networks were predicted using certain level of partial
correlation based on the preprocessed gene expression matrix of the candidate maize
genes. In this network prediction, we constructed four different co-expression net-
works at four distinct threshold levels as shown in Table 4.2. Therefore, we excluded
relatively unsatisfactory interactions between the candidate genes (although we al-
ready specifically selected those candidates), and mitigated dependency on a specific
threshold level by constructing more than one co-expression network. Subsequently,
seed genes, significantly differentially expressed in the two phenotypes among the
candidate maize genes, were found to search subnetwork modules possibly involved
in maize defense response. For this selection, maize genes whose discriminative power
of expression levels between the two conditions was in top 20% were chosen. Next, we
extended maize subnetwork modules from the seed genes to search potential genetic
modules likely involved in maize defense response based on the co-expression net-
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Table 4.2: Co-expression networks of the maize candidates (wild-type vs. mutant).
Threshold Wild type Mutant
(cut-off partial # of # of # of # of
correlation) genes interactions genes interactions
0.9 97 269 93 243
0.8 106 546 101 518
0.7 111 868 107 845
0.6 114 1257 111 1211
works. We first investigated whether expanding the subnetwork module by adding
one of neighboring genes to a seed gene would enhance the discriminative power
of their probabilistic activities. Subsequently, we decided whether to extend the
subnetwork based on two conditions: i) each subnetwork extension by adding a
gene improves the discriminative power (measured by t-test statistics score) of the
probabilistic activities by at least 5%, ii) the extension is allowed up to three sub-
network modules when the discriminative power difference of the activities between
the optimal and suboptimal is within 2% at each expansion. We kept extending
the subnetwork modules by appending one of connected genes through this compu-
tationally efficient branch-out technique until none of the extended modules could
enhance the discriminative power of the activities by at least 5%. We performed the
whole process for all seed genes based on the four co-expression networks to identify
potential genetic subnetwork modules possibly involved in maize defense response.
Consequently, we identified potential maize defense subnetwork modules by consid-
ering their differentiation strength of probabilistic activities as well as association to
significantly annotated GO terms involved in defense response.
while identifying potential subnetwork modules, we evaluated the goodness of a
given subnetwork module by inferring the module activity and assessing its effec-
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tiveness in discriminating between the two different conditions. For this purpose,
we adopted a probabilistic pathway activity inference scheme, which was originally
proposed in [58] and was previously applied to the prediction of pathogenic gene
modules in F. verticillioides [?]. In the following, we present a brief summary of the
method. Suppose we have a set of genes G = {g1, g2, · · · , gn} that belong to a given
subnetwork module and the expression levels of these genes are x = {x1, x2, · · · , xn}.
The activity level of the given subnetwork module can be measured by
η(x) =
n∑
k=1
αk(xk), (4.1)
where αk(xk) is the log likelihood ratio (LLR) between the two conditions (i.e., maize
inoculated with two different strains – wild type vs. the mutant – of F. verticillioides)
defined as follows
αk(xk) = log
[
yk1(x
k)
yk2(x
k)
]
. (4.2)
In equation (5.2), yk1(x) is the conditional probability density function (PDF) of
the expression level of gene gk in one condition. Similarly, y
k
2(x) is the conditional
PDF of the expression level of gene gk in the other condition. We can estimate the
activity level of η(x) of the subnetwork module as defined in (5.1) and also assess its
discriminative power for differentiating between the two different conditions using
the t-test statistics score:
t(G) = µ1 − µ2√
s21
n1
+
s22
n2
, (4.3)
where µ1 and s
2
1 are the mean and the variance of the subnetwork activity level in one
condition, and µ2 and s
2
2 are the mean and the variance of the subnetwork activity
level in the other condition. n1 and n2 are the number of replicates (or independent
measurements) in the respective conditions.
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4.2 Results
4.2.1 Characteristics of the candidate maize genes
Before identifying functional subnetwork modules associate with maize defense
mechnism, we first tested whether the candidate maize genes predicted by our anal-
ysis (i.e., cointegration-correlation-expression approach using the selected F. verti-
cillioides pathogenicity genes) were likely involved in maize defense response. To
investigate whether the maize candidates were defense-associated to F. verticil-
lioides pathogenicity, we compared the candidates associated with F. veticillioides
pathogenicity with corresponding maize genes to the F. veticillioides housekeep-
ing genes, which are constitutively expressed and mainly involved in the mainte-
nance of fundamental cellular functions. Therefore, we selected four common F.
verticillioides housekeeping genes in this molecular genetic study, such as two beta-
tubulin genes (FVEG 04081 & FVEG 05512), pyruvate dehydrogenase E1 compo-
nent subunit alpha gene (FVEG 07074), and glyceraldehyde 3-phosphate dehydro-
genase gene (FVEG 04927), were applied for this comparison. For each F. ver-
ticillioides housekeeping gene, corresponding maize genes were identified by the
cointegration-correlation-expression analysis, and compared with the candidate maize
genes against the four selected F. verticillioides virulence genes. Since not only the F.
verticillioides housekeeping genes, but also the selected F. verticillioides pathogenic-
ity genes were all relatively significantly expressed in all replicates so, it is possible
to presume that their expression patterns might be similar. However, the corre-
sponding maize genes against F. verticillioides housekeeping genes and the miaze
candidates against the selected F. verticillioides virulence genes shared only about
20% common genes in average. As a result, we considered the candidate maize
genes against the selected F. verticillioides pathogenicity genes obtained through the
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cointegration-correlation-expression approach were possibly associated with maize
defense response.
4.2.2 Identification of potential maize defense subnetwork modules
By performing our proposed network-based comparative analysis pipeline, we
identified four potential genetic subnetwork modules possibly associated with maize
defense mechanism against F. verticillioides pathogenicity. Figure 4.3 & 4.4 show
the four identified potential functional subnetwork modules likely involved in maize
defense response. In order to search for such potential subnetwork modules, we first
selected the four representative F. verticillioides pathogenicity genes, and utilize
them as criteria in comparison with all maize genes to find the maize candidates.
In this comparison, we applied the cointegration-correlation-expression analysis to
find the candidates whose expression patterns are comparable with those of the se-
lected F. verticillioides pathogenicity genes. Using the identified maize candidates,
we constructed co-expression networks, and further selected top 20% significantly
differentially expressed genes among the candidates as the seed genes. For each seed
gene, we extended the subnetwork module whose discriminative power (measured by
t-test statistics score) enhanced at least by 5% when adding one of the connected
genes. Amongst the extended subnetwork modules, we chose the subnetwork with
the optimum discriminative power and up to two more subnetworks with suboptimal
discriminative power when the difference from the optimum was within 2%. The
extending process was iteratively repeated until non of subnetworks did not show
discriminative power improvement by at least 5%. Also, the entire process was reit-
erated for all the seed genes at all the four co-expression networks. We selected the
four potential functional modules possibly associated with maize defense response
by considering whether each subnetwork was not only significantly differentiated be-
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tween the two phenotypes, but also annotated by significant GO terms associated
with maize defense system directly or partially. In Figure 4.3 & 4.4, genes relatively
highly expressed in the wild-type-infected are indicated in red tone, whereas genes
relatively highly expressed in the mutant-infected are illustrated in blue tone. Basic
Table 4.3: Properties of the potential maize defense subnetwork modules.
Potential maize subnetworks # of genes # of interactions t-test score
Fig. 3.3 module A 7 6 5.4
Fig. 3.3 module B 8 8 5.6
Fig. 3.4 module C 8 8 7.2
Fig. 3.4 module D 6 5 5.1
properties of the four identified maize functional modules are shown in Table 4.3.
As shown in Table 4.3, the properties such as number of genes and number of inter-
actions ranged from 6 to 8 and from 5 to 8, respectively. Also, the t-test statistics
scores ranged from 5.1 to 7.2 that were relatively higher than most other candidate
subnetworks.
4.2.3 Potential maize subnetwork modules directly associated with maize defense
response
Through our proposed network-based comparative analysis pipeline, we identi-
fied two potential maize subnetwork modules that includes maize genes whose sig-
nificantly annotated GO terms were specifically associated with responses to fungi. In
this validation, P -values of Benjamini-Hochberg false discovery rate (FDR) method [5]
provided by g:Profiler (http://biit.cs.ut.ee/gprofiler/index.cgi) [49] was used to dis-
tinguish the most significant GO terms for the identified functional modules. In Fig-
ure 4.3, module A contained three known maize genes such as GRMZM2G001696 T01,
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Figure 4.3: Two identified potential maize subnetwork modules [32].
GRMZM2G374971 T01, and GRMZM5G870932 T01 involved in significant GO term,
GO:0009817. The term, GO:0009817, is ′defense response to fungus (incompatible
interaction)′, whose definition is ′a response of an organism to a fungus that pre-
vents the occurrence or spread of disease′. P -value of Benjamini-Hochberg FDR
for this term was 1.25e-06. The other module in Figure 4.3, module B, contained
three known maize genes such as GRMZM2G001696 T01, GRMZM5G870932 T01,
and GRMZM5G878558 T01 associated significant GO term, GO:0009620. This GO
term is ′response to fungus′ and the definition is ′any process that results in a change
in state or activity of a cell or an organism (in terms of movement, secretion, en-
zyme production, gene expression, etc.) as a result of a stimulus from a fungus′;
the P -value of Benjamini-Hochberg FDR for this term was 5.69e-07. Note that
both GO terms are significantly associated with maize defense mechanism against
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fungal pathogens. It is also possible to view these two functional modules as one
whole module since they share key genes such as GRMZM2G001696 T01 and GR-
MZM5G870932 T01. However it is important to note that they were searched from
different seed genes at different co-expression networks. Consequently, the two iden-
tified potential maize functional modules, specifically associated with significant GO
terms involved in maize defense response, proved that our proposed network-based
comparative analysis pipeline performed meaningful and reliable analysis.
4.2.4 Potential maize subnetwork modules indirectly involved in maize defense
response
Our proposed analysis pipeline identified two more potential maize functional
modules that were not directly associated with specific GO terms involved in the de-
fense response against fungal pathogens, however they also demonstrated potential
relevance to defensive mechanism. As shown in Figure 4.4, module A contained four
known maize genes such as GRMZM2G003930 T06, GRMZM2G056920 T03, GR-
MZM2G095025 T01, and GRMZM5G878558 T01 associated with GO term GO:0046914.
This GO:0046914 is ′transition metal ion binding′ and the P -value of Benjamini-
Hochberg FDR for this term was 4.56e-02. The definition of this GO term is ’in-
teracting selectively and non-covalently with a transition metal ions that is an el-
ement whose atom has an incompleted-subshell of extranuclear electrons, or which
gives rise to a cation or cations with an incompleted-subshell′. Module B in Fig-
ure 4.4 contained two known maize genes such as GRMZM2G001696 T01 and GR-
MZM2G085019 T01, which are associated with GO term, GO:0046686. This GO
term is ′response to cadmium ion′ and defined by ’any process that results in a
change in state or activity of a cell or an organism (in terms of movement, secre-
tion, enzyme production, gene expression, etc.) as a result of a cadmium (Cd) ion
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Figure 4.4: Two predicted potential maize subnetwork modules [32].
stimulus′. The P -value of Benjamini-Hochberg FDR for this GO term, GO:0046686,
was 3.00e-02. According to these two GO terms (GO:0046914 & GO:0046686), it is
known that hyperaccumulation of transition metals tends to reduce the growth of
pathogens [17], hence we could expect that transition metals with cadmium (Cd)
have a positive effect on plant defense system against fungal pathogenicity. Since
both GO terms were all significantly relevant to transition metals, we can take into
account the two potential maize subnetwork modules in Figure 4.4 to be likely in-
volved in maize defense mechanism.
In addition, we investigated whether orthologous genes of the two identified
maize functional modules in Figure 4.4 are defense-associated. Orthologous genes of
Sorghum bicolor as well as Arabidopsis thaliana provided by RGAP (Rice Genome
Annotation Project) website (http://rice.plantbiology.msu.edu) were used. In this
cross-check, we found that orthologous genes in Figure 4.4 module A such as SB04G024300,
SB04G034470, and SB07G022750 were also associated with GO:0009610, ′response
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to symbiotic fungus′, other than transition metal ion binding such as AT2G01275,
AT2G20030, AT4G28890, AT1G37130, and AT1G77760 for Arabidopsis thaliana as
well as SB03G007810, SB09G030900, SB04G024300, SB04G034470, and SB07G022750
for Sorghum bicolor. Also, orthologous genes of module B in Figure 4.4 such as
AT1G59500, AT2G23170, and AT4G37390 for Arabidopsis thaliana as well as SB01G032020,
SB02G038170, and SB03G035500 for Sorghum bicolor were annotated by GO:0010279.
This term, GO:0010279, is ′indole-3-acetic (IAA) acid amido synthetase activity′,
which is known to be an important controller for plant defense system [18]. This
additional analysis using the orthologous genes of the identified subnetwork modules
likely involved in maize defense response in Figure 4.4 demonstrated that it is possi-
ble to expect the two maize functional modules have a potential to play a significant
role in maize defense mechanism.
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5. STUDY OF KEY PATHOGENICITY GENES OF F. VERTICILLIOIDES
In this study, we performed network-based comparative analysis to identify key
pathogenicity genes for two different dataset. For one dataset, maize stalks were
inoculated with F. verticillioides wild type and fsr1 mutant as described in the pre-
vious studies. For the other dataset, two different genes (MADS1 and MADS2 )
were knocked out from F. verticillioides wild type so that two different F. verticil-
lioides mutants (Fmt1 and Fmt2 strains, respectively) were prepared [47]. With the
fsr1 mutant, we identified key pathogenicity genes of F. verticillioides by comparing
wild type and the fsr1 mutant. With the two different F. verticillioides mutants,
we identified key pathogenicity genes of F. verticillioides in common using the both
phenotypes by comparing the both pairs (i.e., wild–Fmt1 vs. wild–Fmt2).
Figure 5.1 illustrates an overview of the computation procedure for the proposed
network-based comparative analysis predicting specific pathogenicity genes of F. ver-
ticillioides. First, preprocessing such as alignment, filtering, and normalization is
performed, and the preprocessed RNA-seq data is not only applied for inferring F.
verticillioides co-expression networks through partial correlation, but also converted
into a log-likelihood ratio (LLR) matrix for downstream analysis. Second, subnet-
work modules are extended from seed genes, significantly differentially expressed be-
tween the two different conditions (wild vs. mutant), as long as they keep sufficient
strength of differential activity between the two conditions. Third, each potential
pathogenicity gene is identified in its detected subnetwork module through analytical
investigation whether the gene satisfies certain conditions such as influence on other
member genes, relevance to the pathogenicity, and so on. We provide the detailed
explanation of computational analysis as well as experimental validation steps in the
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following subsections.
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Figure 5.1: Overview of the computational prediction analysis.
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5.1 Methods
5.1.1 Preprocessing
Since preprocessing of the fsr1 mutant dataset was explained in the previous
studies, the other preprocessing for the two different F. verticillioides mutants are
provided in this study. After the two different phenotype samples were prepared,
RNA sequencing was carried out using Illumina HiSeq 2000 generating 100bp reads
in relatively greater quality and coverage. In the sequencing, Illumina’s optimized
kits performed library preparation and RNA isolation, and also Illumina HCS 1.515.1
and RTA 1.1348.0 simultaneously performed other processes (i.e., quality prefiltering,
base calling, uncertainty assessment, and sequence cluster identification). Therefore,
five independent sequenced RNA libraries at each time point such as 5 dpi and 7
dpi were processed for wild type and the two mutant F. verticillioides (Fmt1 and
Fmt2), thereby preparing them in 30 libraries. Using the RNA-seq reads, we per-
formed preprocessing that went through three steps such as alignment, filtering, and
normalization for the two datasets (i.e., wild–Fmt1 & wild–Fmt2) as previously ex-
plained in the previous studies: i) Sequence aligning of the reads to the reference
genome of F. verticillioides strain 7600 [40] obtained from the BROAD Institute
(http://www.broadinstitute.org) was dealt with in Bowtie 2 default mode [34]. The
aligned reads were subsequently processed with another NGS (next-generation se-
quencing) analysis tool called Samtools [37] to prepare read counts of all the F.
verticillioides genes for three types such as wild, Fmt1, and Fmt2. ii) Gene filter-
ing was performed for quality control by removing insignificantly expressed genes.
During this filtering process, genes expressed more than half of the total replicates
and also genes expressed at least 70% of one type (either wild or the mutant) only
were retained. Hence, not only significantly expressed genes, but also highly dif-
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ferentially expressed genes only expressed in one of the strains (i.e., wild type vs.
Fmt1/Fmt2) were remained for the downstream analysis. We kept 82.3% F. ver-
ticillioides genes (11,648 genes) for wild–Fmt1 dataset and 82.8% F. verticillioides
genes (11,722 genes) for wild–Fmt2 dataset for the following analysis iii) Two steps
of normalization process were completed for reliable network-based analysis. We
first normalized all the read counts by the corresponding gene length, then subse-
quently normalized the relative expression levels again using the representative F.
verticillioides housekeeping genes maintaining relatively constant expression levels
as criterion. The mean expression level of beta-tubulin genes, typical housekeeping
genes of F. verticillioides, such as FVEG 04081 and FVEG 05512 were applied to
normalize all the F. verticillioides gene expression levels for both datasets. Table 5.1
provides general statistics of the RNA-seq datasets. This table shows the influence
of F. verticillioides pathogenicity as well as the difference between the Fmt1 and the
Fmt2 in the time-course data (i.e., 5 dpi and 7 dpi)
Table 5.1: General statistics of RNA-seq datasets
Wild type Mutant 1 Mutant 2
5dpi 7dpi 5dpi 7dpi 5dpi 7dpi
Type of run single
Read length 100 (bp)
Mean # of
reads aligned 2,907,836 4,287,201 3,556,574 4,106,461 3,008,801 3,211,987
Median depth
of coverage 205.3 302.7 251.1 290 212.5 226.8
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5.1.2 Identification of potential subnetwork modules & key pathogenicity gene
Basic procedures for identifying potential subnetwork modules associated with the
F. verticillioides pathogenicity based on the predicted co-expression networks are de-
scribed in the previous studies. Here, we predicted not only potential pathogenicity-
associated subnetwork modules, but also key potential pathogenicity genes in the
detected modules simultaneously. Subsequently, we could also identify more robust
potential subnetwork modules than the previous works using the key pathogenicity
genes as criterion while we predicted the key genes.
5.1.2.1 Co-expression networks & subnetwork modules
We first constructed the co-expression networks for wild–Fmt1 as well as wild–
Fmt2 based on their preprocessed gene expression data through partial correlation
evaluating association strength of gene-pairs. Certain thresholds of partial correla-
tion were used to predict gene interactions forming the co-expression networks, hence
significant gene interactions with relatively large partial correlation comprised the
co-expression networks. We applied four distinct thresholds, thereby generating four
different co-expression networks for both wild–Fmt1 and wild–Fmt2 as shown in Ta-
ble 5.2 & 5.3. The four thresholds have led to the co-expression networks containing
significant gene-gene interactions as well as being properly assigned to different sizes
for searching subnetwork modules. Also the various thresholds let the dependency of
the proposed analysis on a certain threshold level less. Based on the co-expression
networks, we started searching subnetwork modules for each datasets (i.e., wild vs.
Fmt1 & wild vs. Fmt2). The detailed steps for searching pathogenicity-associated
subnetwork modules are illustrated in the previous studies. We first searched seed
genes, a first gene member of a subnetwork, by finding the most significantly differ-
entially expressed genes (i.e., top 1%) in the two strains (i.e., wild vs. mutant) for
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Table 5.2: Co-expression networks of the maize candidates (wild-type vs. Fmt1).
Threshold Wild type Fmt1
(cut-off partial # of # of # of # of
correlation) genes interactions genes interactions
0.989 9,755 245,656 7967 77,935
0.985 10,365 444,855 9,371 147,042
0.981 10,715 685,290 10,181 235,580
0.977 10,953 957,324 10,734 340,538
Table 5.3: Co-expression networks of the maize candidates (wild-type vs. Fmt2).
Threshold Wild type Fmt2
(cut-off partial # of # of # of # of
correlation) genes interactions genes interactions
0.989 10,418 297,099 8,153 89,471
0.985 10,828 447,917 9,526 150,473
0.981 11,001 739,748 10,321 239,428
0.977 11,472 964,024 11,089 367,138
both datasets. From each seed gene, we extended it to every neighboring gene and
evaluated probabilistic activity levels of them. Then, we allowed a subnetwork with
the optimal activity level, and also two more suboptimal subnetworks with specific
conditions: i) the discriminative power increase (measured by t-test statistics) of
the probabilistic activities of an extended subnetwork by adding a connected gene
should exceed at least 10%, ii) the discriminative power difference of subnetwork
activities between the optimum and the sub-optimums should be less than 2% at
each extension. For each subnetwork, we kept appending each neighboring gene into
the subnetwork and computed their subnetwork activities to determine whether new
member genes can join to the subnetworks. We continuously searched the candidate
subnetwork modules by iteratively adding a neighboring gene using this computa-
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tionally efficient branch-out technique with the certain conditions until the stopping
criterion satisfied.
While branching out the subnetwork modules, we probabilistically inferred dif-
ferentiated activity levels of the extended modules between the two strains (wild vs.
mutant) to identify potential subnetwork modules. In this activity level computa-
tion, we adopted a probabilistic inference strategy proposed in [58]. As explained
in the previous studies, we predicted the activity level of a subnetwork module by
accumulating probabilistically quantified values of the member genes. Suppose we
have G = {g1, g2, · · · , gn}, a set of genes in a subnetwork module of interest, and
x = {x1, x2, · · · , xn}, expression levels of the given genes. The subnetwork module
activity level can be given by
η(x) =
n∑
k=1
αk(xk), (5.1)
where αk(xk) is the log likelihood ratio (LLR) between the two conditions (i.e., wild
type vs. the mutant) defined as follows
αk(xk) = log
[
yk1(x
k)
yk2(x
k)
]
. (5.2)
where yk1(x) and y
k
2(x) are the conditional probability density function (PDF) of
the expression level of gene gk in wild type and the mutant, respectively. With this
probabilistic quantification, we can compute the activity level of the given subnetwork
module and further evaluate the discriminative power of the module between the two
conditions based on t-test statistics as follows
t(G) = µ1 − µ2√
s21
n1
+
s22
n2
, (5.3)
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where µ1 and s
2
1 are the mean and the variance of the subnetwork activity level in one
condition, and µ2 and s
2
2 are the mean and the variance of the subnetwork activity
level in the other condition. n1 and n2 are the number of replicates in the respective
conditions.
5.1.2.2 Key pathogenicity genes & robust subnetwork modules
While extending the subnetworks, we simultaneously searched specific F. verticil-
lioides pathogenicity genes in the candidate subnetwork modules. In order to identify
pathogenicity genes playing an important role in the predicted subnetwork modules,
we analytically investigated the detected modules with the six analysis approaches
as shown in Figure 5.1 (B): i) we analyzed whether each gene in a predicted subnet-
work module is impactful based on the probabilistically inferred activity. For each
predicted subnetwork module, we computed the discriminative power of the prob-
abilistic activity level by removing each gene from the subnetwork and compared
the differences from each other. We subsequently selected genes whose deletion lead
to relatively higher difference in the comparison as candidate pathogenicity genes;
ii) we investigated whether each gene is relatively differentially correlated with the
neighboring genes in the detected subnetwork module between the two conditions.
Pearson’s correlation and Spearman rank correlation were applied for this analysis.
Using the two correlation methods, we compared both correlation coefficients of each
interaction in the co-expression networks based on wild type and the mutant. We
then chose genes whose interactions in the subnetwork were more significantly dif-
ferentially correlated between the two conditions as candidate pathogenicity genes;
iii) we counted number of interactions of genes in the detected subnetwork mod-
ule and picked genes relatively more connected to other member genes as candidate
pathogenicity genes since it is possible that genes with relatively more interactions
45
to other genes could have a stronger effect on the subnetwork; iv) we examined the
expression pattern alteration of the genes in the subnetwork module between the
two conditions (wild vs. mutant) and selected genes whose expression levels were
significantly higher in wild than in the mutant as candidate pathogenicity genes. It
is reasonable to assume that expression patterns of potential pathogenicity genes
from the RNA-seq data might follow that of FSR1 since they are downstream pro-
cesses under the FSR1 ; v) Using the Pathogen Host Interaction Database (PHI-base:
http://www.phi-base.org), we considered F. verticillioides genes whose orthologous
are known pathogenicity genes in other fungi as candidate pathogenicity genes. In
this step, we utilized seven fungal species: F. graminearum (FG), F. oxysporum (FO),
Aspergillus fumigatus (AF), Botrytis cinerea (BC1G), Magnaporthe grisea (MGG),
Ustilago maydis (UM), and Cryptococcus neoformans (CNAG); vi) We investigated
whether each gene in the detected subnetwork module was annotated by significant
GO term with other member genes. We took into account the genes that can be
involved in significant GO terms to be candidate pathogenicity genes. Once we
identified a potential F. verticillioides pathogenicity gene from its predicted subnet-
work module through those systematic analyses, to finetune the detected module
was performed for robustness of the approach as well as more reliable subnetwork
modules. As described in the previous section, we first applied 10% discriminative
power increase as the criterion to overcome at each extension while permitting a
subnetwork to be extended up to three branches. However, after identifying a poten-
tial pathogenicity gene meeting the six requirements from its predicted subnetwork
module, we started to increase the criterion percentage when branching out as long
as the potential pathogenicity gene satisfies the abovementioned six qualifications.
The criterion percentage escalation was continued until either the pathogenicity gene
was no longer meets all the conditions or the predicted subnetwork module became
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smaller down to the minimum size. The minimum number of genes in a module was
assigned to be seven.
5.2 Results
5.2.1 Identification of subnetwork modules
As shown in Figure 5.2, 5.3 and 5.4, we identified potential subnetwork mod-
ules through our proposed network-based comparative analysis using two different
RNA-seq datasets (one is maize inoculated with two different strains of F. verticil-
lioides and the other is two different phenotypes of F. verticillioides). In order to
identify these potential functional modules in Figure 5.2-5.4, we first constructed
co-expression networks, and further selected the seed genes, top 1% differentially
expressed genes at the last time point. From each seed gene, we iteratively extended
the subnetwork module by adding one neighboring gene, and allowed the subnetwork
modules whose enhanced discriminative power (computed by t-test statistics score)
was higher than 10% to be extended. Amongst the subnetwork modules permitted
to be extended, we first selected the subnetwork module with the top discriminative
power, and also selected two additional suboptimal modules whose discriminative
power difference from the optimal was less than 2%. We continuously repeated this
extending process by branching out up to three extension at each step until the
subnetworks were not able to increase the discriminative power by 10%. For both
datasets, the entire process of extending the subnetwork modules by our analysis
approach was reiterated for all the seed genes at all the co-expression networks. Af-
ter collecting all extended subnetwork modules, we analytically investigated whether
each gene in its predicted subnetwork module satisfied several conditions; i) highly
impactful in the probabilistic manner, ii) relatively differentially correlated between
the two strains (wild type vs mutant), iii) relatively more connected in the given mod-
47
ule, iv) relatively highly expressed in wild-type, v) orthologous to known pathogenic
genes in other fungi, and vi) annotated to significant GO terms with other member
genes. Through these analyses, we identified key potential genes associated with the
F. verticillioides pathogenicity.
5.2.2 Results for maize inoculated with two strains - wild type vs. the mutant - of
F. verticillioides
Four potential F. verticillioides pathogenic subnetwork modules identified by
the proposed network-based comparative analysis contained key F. verticillioides
pathogenicity genes whose annotated GO terms were representative terms with other
member genes. In order to validate, we utilized p-values of Benjamini-Hochberg false
discovery rate (FDR) method [5] provided by g:Profiler (http://biit.cs.ut.ee/gprofiler
/index.cgi) [49] to distinguish the most significant GO terms to the identified sub-
network modules. The four potential subnetwork modules are shown in Figure 5.2.
Five genes such as FVEG 07930, FVEG 000890, FVEG 08174, FVEG 011886, and
FVEG 00594 of Figure 5.2 module-A were annotated by a significant GO term
GO:0051234. For this GO:0051234, whose GO term is “establishment of localiza-
tion”, is defined as “the directed movement of a cell, substance or cellular entity, such
as a protein complex or organelle, to a specific location”. Benjamini-Hochberg FDR
p-value of the most significant GO term, GO:0051234, for the Figure 5.2 module-
A was 0.05. In this subnetwork module, the identified key pathogenicity gene was
FVEG 00594. The potential pathogenicity gene, FVEG 00594, whose orthologous
gene in F. graminearum (FG) has phenotype as “reduced virulence” also showed
high impact on the module in the probabilistic manner, significantly differentially
correlated pattern between the two conditions, relatively higher connection with
other member genes, and relatively significant expression in wild-type. For Fig-
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Figure 5.2: Four potential F. verticillioides subnetwork modules.
ure 5.2 module-B, four genes such as FVEG 05137, FVEG 00482, FVEG 10818, and
FVEG 12365 were annotated by a significant GO term GO:0043168. This GO term is
“anion binding” and the definition is “interacting selectively and non-covalently with
anions, charged atoms or groups of atoms with a net negative charge”; the p-value
of Benjamini-Hochberg FDR for this term was 0.05. From this subnetwork module,
FVEG 10818 whose orthologous gene in Magnaporthe grisea (MGG) has phenotype
as “loss of pathogenicity” was identified to be the potential key pathogenicity gene
by satisfying the qualifications. For Figure 5.2 module-C, eight genes of the mod-
ule such as FVEG 02791, FVEG 03105, FVEG 03849, FVEG 08277, FVEG 09111,
FVEG 11622, FVEG 02116 and FVEG 04142 were annotated by a significant GO
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term GO:0044444. This term GO:0044444 is for “cytoplasmic part” and had a
p-value (for Benjamini-Hochberg FDR) of 0.0077. The GO term is described as
“any constituent part of the cytoplasm, all of the contents of a cell excluding the
plasma membrane and nucleus, but including other subcellular structures”. In
this subnetwork module, the identified key pathogenicity gene was FVEG 11622
whose orthologous gene in Botrytis cinerea (BC1G) has phonotype as “reduced vir-
ulence” For Figure 5.2 module-D, five genes such as FVEG 13230, FVEG 07961,
FVEG 08945, FVEG 03898, and FVEG 05905 were annotated by a significant GO
term GO:0016787. This GO term is for “hydrolase activity” and is defined as “catal-
ysis of the hydrolysis of various bonds, e.g. C-O, C-N, C-C, phosphoric anhydride
bonds, etc. hydrolase is the systematic name for any enzyme of EC class”. The
p-value of Benjamini-Hochberg FDR for this GO term, GO:0016787, was 0.05. From
this subnetwork module, FVEG 13230 whose orthologous gene in Magnaporthe grisea
(MGG) has phenotype as “reduced virulence” was identified to be the potential key
pathogenicity gene. These four potential subnetwork modules demonstrated that
the most significant GO term associated with the member genes including each po-
tential key pathogenicity gene. The potential pathogenicity genes were identified by
satisfying the requirements (i.e., being distinguished, pathogenicity-associated, and
impactful) among the member genes.
5.2.3 Results for two different F. verticillioides mutants
For investigation on dataset with two F. verticillioides mutants by comparing the
two phenotypes with the network-based comparative analysis, two potential genes
such as FVEG 00035 and FVEG 07056 were identified to be pathogenicity-associated
in both phenotypes. Phenotypes of orthologs of the two genes (FVEG 00035 and
FVEG 07056) were “reduced virulence” and “loss of pathogenicity”, respectively.
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Figure 5.3 shows three potential subnetwork modules containing either FVEG 00035
or FVEG 07056 for one dataset (wild vs. Fmt1), and several member genes of the
three modules were annotated by significant GO terms. For Figure 5.3 module-A,
Figure 5.3: Three potential F. verticillioides subnetwork modules (wild–Fmt1)
four genes such as FVEG 07804, FVEG 10460, FVEG 00035, and FVEG 00631 were
annotated by a significant GO term GO:1901564. For this GO:1901564, whose GO
term is “organonitrogen compound metabolic process”, is defined as “the chemical
reactions and pathways involving organonitrogen compound”. Benjamini-Hochberg
FDR p-value of the most significant GO term, GO:1901564, for the Figure 5.3
module-A was 1.25e-04. For Figure 5.3 module-B, four genes such as FVEG 06177,
FVEG 00991, FVEG 01972, and FVEG 06824 were annotated by a significant GO
term GO:0032553. This GO term is “ribonucleotide binding” and the definition
is “interacting selectively and non-covalently with a ribonucleotide, any compound
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consisting of a ribonucleoside that is esterified with (ortho)phosphate or an oligophos-
phate at any hydroxyl group on the ribose moiety”; the p-value of Benjamini-
Hochberg FDR for this term was 4.49e-04. For Figure 5.3 module-C, four genes
of the module such as FVEG 03166, FVEG 10517, FVEG 05589 and FVEG 08762
were annotated by a significant GO term GO:0050662. This term GO:0050662 is for
“coenzyme binding” and had a p-value (for Benjamini-Hochberg FDR) of 1.84e-05.
The GO term is described as “interacting selectively and non-covalently with a coen-
zyme, any of various nonprotein organic cofactors that are required, in addition to
an enzyme and a substrate, for an enzymatic reaction to proceed”.
Three identified potential subnetwork modules in Figure 5.4 including either
FVEG 00035 or FVEG 07056 for the other dataset (wild vs. Fmt2) also contained
several member genes annotated by significant GO terms. Figure 5.4 module-A,
five genes such as FVEG 04540, FVEG 07076, FVEG 07532, FVEG 00035, and
FVEG 04805 were annotated by a significant GO term GO:0044763. This GO term
is for “single-organism cellular process” and is defined as “Any process that is car-
ried out at the cellular level, occurring within a single organism”. The p-value of
Benjamini-Hochberg FDR for this GO term, GO:0044763, was 0.05. For Figure
5.4 module-B, three genes such as FVEG 05281, FVEG 04805, and FVEG 07056
were annotated by a significant GO term GO:0003676. For this GO:0003676, whose
GO term is “nucleic acid binding”, is defined as “interacting selectively and non-
covalently with any nucleic acid”. Benjamini-Hochberg FDR p-value of the most
significant GO term, GO:0003676, for the Figure 5.4 module-B was 9.16e-03. For
Figure 5.4 module-C, six genes such as FVEG 08056, FVEG 13129, FVEG 05927,
FVEG 04805, FVEG 02944, and FVEG 03567 were annotated by a significant GO
term GO:0000166. This GO term is “nucleotide binding” and the definition is “in-
teracting selectively and non-covalently with a nucleotide, any compound consisting
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Figure 5.4: Three potential F. verticillioides subnetwork modules (wild–Fmt2)
of a nucleoside that is esterified with (ortho)phosphate or an oligophosphate at any
hydroxyl group on the ribose or deoxyribose”; the p-value of Benjamini-Hochberg
FDR for this term was 5.12e-05. It is possible to consider the three detected subnet-
work modules for each dataset can be viewed as one whole module since they share
a few genes each other.
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6. CONCLUSION
In this Ph.D study, we performed network-based comparative analysis for F.
verticillioides pathogenicity as well as host-pathogen (F. verticillioides vs. maize)
interactions using RNA-seq data (one comes from maize inbred B73 inoculated with
F. verticillioides wild type and fsr1 mutant, and the other comes from two differ-
ent F. verticillioides mutants). For the 1st study identifying potential functional
subnetwork modules, we searched the inferred co-expression networks to identify the
functional modules by the computationally efficient branch-out technique. For the
2nd study identifying potential genetic subnetwork modules associated with maize
defense response, we first searched candidate maize genes possibly involved in maize
defense mechanism and identified the potential genetic modules by adopting the
previously proposed analysis approach. For the 3rd study identifying potential key
pathogenicity genes of F. verticillioides, we further analyzed inside the potential sub-
network modules detected by the 1st study approach. In this subnetwork analysis,
we applied six additional analytical methods for the predicted subnetwork modules.
Based on our analysis approaches, we identified four potential pathogenic subnetwork
modules that were structurally cohesive with functionally coherent member genes.
We also identified four maize potential subnetwork modules directly (or indirectly)
associated with the defense response against the F. verticillioides pathogenicity. In
addition, we identified potential key F. verticillioides pathogenicity genes that were
coordinated with other member genes and had strong impact on other genes and
were also pathogenicity-associated for both datasets. Consequently, our proposed
analysis approaches could lead to an improved understanding of the F. verticillioides
pathogenicity and maize-F. verticillioides interaction, particularly at the transcrip-
54
tome level. Our approaches can also be used to identify potential functional modules
or key genes associated with the pathogenicity in other fungal species as well as host
genetic modules involved in the defense response in other host plants based on their
plant-pathogen interactions.
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